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STATISTICAL IMAGE PROCESSING
Final Report

(for period June 1, 1979 to August 31, 1982)

Abstract

-_--- )This report summarizes the major research work accomplished
under the contract including the topics of statistical image models,
comparative evaluation of image processing techniques, image

4 segmentation algorithms, two-dimensional maximum entropy spectral
analysis, and spatial clustering algorithms with applications to
artificial and remotely sensed images. Detailed list of
publications available in open literature is provided. A list
of software package generated is included in the Appendices. le-

I. Introduction
This report is organized according to the topics we have worked

under this Contract. A brief summary of each is presented. Detailed
list of publications is provided in References. Over 40 technical
reports prepared under the Contract are not listed however as most
results documented in reports were published as listed in References.

Copies of two papers are included in the Appendices. A detailed
list of image processing software package generated is also included
in the Appendices. The program listings in magnetic tapes were

delivered to Dr. Doug DePriest in October 1981.

II. Major Research Results
1. Statistical image processing techniques for additive noise case

were compared. Median filtering followed by Kalman adaptive
filtering is most effective. For Seasat images the multicative
noise removal is considered by using local statistics. (Refs. 16,20)
2. Statistical image segmentation studies include the extensive

comparative evaluation of supervised and unsupervised segmentation
techniques for texture and infrared images. The segmentation is

performed by pixel classification. Both Fisher's linear discriminant
and the maximum a posteriori estimation procedures are found to be
very effective. Statistical techniques however are limited to pixel
based segmentations. (Refs. 4,9,10,12,13,14)

3. Statistical image modeling study is concerned with the auto-
regressive models and low order ARMA models. Such modeling leads to

image enhancement, segmentation and classification. These models

provide a nice way to take into account the contextual dependence
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among the nearest neighbors. The question remains whether the

object boundary should have a separate model from the remaining

homogeneous parts of the image. (Refs. 15,18)

4. An automatic spatial clustering algorithm has been developed

for image segmentation and compression. The algorithm can determine

the minimum number of clusters and can also work with a specified

number of clusters. The algorithm has been successfully tested with

various images including USC image data base, Seasat images, and

U.S. Army topographic images. (Refs. 3,4)

5. A two-dimensional maximum entropy spectral analysis algorithm

was thoroughly developed and tested for texture image analysis,

classification, segemntation as well as general purpose spectral

computation based on limited number of data points. (Refs. 1,2,4,5,

698)

6. An initial effort of tracking image sequence was made by using

pixel classification for object extraction. Further study to model

the statistics of image variation is much needed. (Ref. 4)
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Appendix B

A STUDY OF TEXTURP CLABSIFICATION USING SPECTRAL FEATURES

C. H. Chen

Electrical Engineering Department

Southeastern Massachusetts University

N. Dartmouth, Mas. 0277 U.S.A.

Abstract discrimination with the energ than with the co-
occurrence measures.

Effort in the past on the use of spectral
features for discrimination of texture images has A fundamental problem with the power spectrum
had limited success and the feature measures com- analysis is the computational accuracy and copu-
puted from the co-occurrence matrix are preferred. tational complexity. For texture study, accurate
In this paper the superiority of spectral features. power spectrum must be computed from the small
for texture classification In demonstrated. A new image segments. In this case, the two-dimensional
two-dimensional maximun entropy spectral analysis Fourier analysis cannot provide sufficient accuracy
is developed which provides superior resolution as the Fourier analysis is more accurate with a
capability. Thus accurate power spectrum can be large number of pixels. The two-dimensional maximum
determined from which various ring and wedge entropy spectral analysis, however, is very suitable
spectral features are computed in polar coordinates, for a small number of pixels. The computational
Extensive computer results reported indicate that complexity has been a drawback in using the two-
the spectral features so computed provide not only dimensional maximum entropy spectral estimation
a good measure of texture coarseness and direction- methods. Recently, Lim and Malik [1] have proposed
ality, but also comparable or better classification an efficient iterative algorithm for the two-
performance than that reported earlier. A typical dimensional maximum entropy power spectrum esti-
performance of over 80 percent correct classifi- mation which can obtain good resolution and suf-
cation is available from the extracted spectral ficient accuracy for the finite sample two-
features by using the Fisher'. linear discriminant dimensional data. A study of the spectral esti-
for classification. A set of normalized features nation of texture image has been proved to be
which use both ring and wedge features is particu- successful [51 by using a minicomputer. In this
larly recommended. Computationally the method paper, this method is used for the calculation of
described in this paper is far better than the use spectral features of texture image. In section II,
of co-occurrence matrix as the iterative algorithm the two-dimensional maximum entropy power spectrum
used for spectrum estimation is very fast, even estimation is briefly discussed. The method of
with the use of a minicomputer, selection of features will be described in section

III while section IV provides some experimental
I. Introduction * results of the textural classification.

Although it is generally recognized that II. Two-Dimensional Maximum Entropy Powertexture images contain statistical, spectral and Spectrum Estimation

structural domain information, the use of spectral
information alone can be quite effective in the The basic concept of the maximum entropy method
texture-image analysis studies such as texture dis- (MEN) of spectral estimation is to extrapolate the
crimination and segmetntion. Bajcsy and Liberman autocorrelation function of a random process by
[1] expressed the power spectrum in polar coordi- maximizing the entropy H of the corresponding proba-
nates, then integrate over r and # to obtain the bility density function
two-dimensional functions. The location of peaks
in these functions indicates prominant texture H lo
coarseness and directionality. Weszka et.al. [2] N =1 J log P1 (ei, 0 2 )da 1 dw2  (1)
integrated the power spectrum within 16 spatial
frequency sc..es which were combinations of four 1- 2=-w

octave frequency ranges and four o50 orientation
sectors. They also computed eight "contrast" where x( 2 is the power spectr estimate of
measures based on the cooccurrence matrix, and the random process x(n , n ). The characteristics
obtained better discrimination than with the power of this method are equivalint to the autoregressive
spectrum measures. Laws [31 computed a number of signal modeling and the power spectrum is calculated
emerg measures by filtering the texture with sets by
of small linear operators, then squaring and summing
the output of each filter. He reported better

1074
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" m' 2 ~,1 e-W r /2 x rXn ",n 2 )e-Jlnl -22  r P2(r, e)d6 (3)

U 1 (2)
for various values of r, the ring radius.vhere Mn 2 , n2 is the autocorrelation whose power

anere A! is e et wo pos ( For the discrete case, this can be written asspectrum is 1/P(w,2and A is a set of points (for rings between radius r 1 and r2 ):
(n 1 , n 2 ) where the autocorrelation is known.

Since the filter coefficients cannot be ob- r r 2 - P (x~y); 0<xy1n-l
tained directly by solving the normal equation as rl 2 r2 (+I)
in the one-dimesional case, Lim and Malik de-
veloped a new Iterative algorithm, using adaptive Similarly, it is well known also that thep filtering concepts. The basic idea of this algo- angular distribution of power spectrum is sensitive
rtthm Is on thi notion that the given correlationritm :is on h notionstt e gve correaiond to the directionality of the texture in frequency
point in region A Is consistent and the correspond- w. A texture with many edges or lines in a given

4 ing coefficient should be zero outside region A and di re 0wlhae hig es of pwes pectrum
proceed this iteration repeatedly until an optimal around the perpendicular of values of power spectr

' solution in obtained. That is, for a.gLvenarudteppniclro +w/;hlena
so i on is b n , fati frmie n nondirectional texture the spectrum should also be

Rx(nl n2) . x el w2) nondirectional. Thus a good set of features for
such that P (is, w2 ) satisfy (2) and analyzing the texture directionality should be the

n -1 averages of the power-spectrum values taken over
Ri.! xn2 ) 2)for (n, )A wedge-shaped regions centered at the origin, i.e.

A simple flowchart is shown in Fig. 1. We r P(r,
begin with some Initial estmate of A(nl, n2), Oe a op

obtain the corresponding correlation function, 0

correu the resultin correlation for (th, e2A for the vriou values of 0, the wedge slope.

wth the known R(nl, n2 ), obtain the corresponding For the discrete case, this is (the wedge be-

A(n , . n2 ) from the correct corrleation function, tween 81 and e 2  given by

and then replace the resulting X(n 1 , an2) with zero A

for (n1 , n2 )a. This completes one iteration and #0 1 2 Px(x, y) (6)

the corrected A(nl, n 2 ) is a new estimate of 6 <-tan- y/x.' 2

A(n, n2) 0Cx'ycn-l

The features calculated by (4&) and (6) are sensitiveIn Lim and Malik's paper, the calculation of to size and orientation respectively, but not to
the autocorrelation 1 1 (ni, n 2 ) is limited to the both. In order to obtain the comparable feature

closed analytic form especially for the two- sets, we obtain a set of equalized features by
dimensional sinusoids. A generalization of this taking the average over the intersection area of
method and the application to a two-dimensional rings and wedgoes. These equalized features are
real data have been discussed by Chen and Young[], also studied in section IV. After the calculation
Even for a small number of missing correlation of features, the Fisher discriminant technique is
points, the algorithm can still provide an accurate used for classification [6].
spectrum. Figure 2a shows the spectrum of two
sinusoid. (o.1234, 0.34i56), (0.3125, 0.200) in IV. Experimental Results
white-noise, based on a 5x5 correlation data set,
at sigal to noise ratio of 0.67. With the corre- Because of the computational requirements of
lation points (-l, -1) and (1, 1) missing, Fig. 2b the method and the limited memory capacity of the
shows the resulting spectrum which is nearly PDP 11/45, all test samples arsstored in our DEC
identical to Fig. 2a. 20 system and sent through a communication line to

the PDP ll/4 for the spectrum computation. The
III. Feature Selection and Classfication Method test samples are the texture Images taken from the

USC data base. To verify the sensitivity both In
We use two features to classify the texture coarseness and directionality, we select some

lmgs. It is generally recognised that a coarse textures that contain such Informations. The test
texture will ha a high value of power spectrum samples contain six classes of texture (each one
near the origin while in a fine texture, the value has four samples) and are shown in Fig. 3. Each
will be more spread out. Thus, If one wishes to data is a 32x32 array of gray level 0-255. The
analyze texture coarseness, a sot of features that pictures of class 1 reappear bul are two times
should be useful are the averages of the power- larger in Fig. 4 (a). Figure 4(b) is the correspond-
spetnn values taken over a r ng-shaped region ing estimated power-spectrum display of the upper
centered at the origin. In this paper, we consider left data in each class. The spectra of all classes
only the first quadrant of the power spectrum, then are different either in radial or angular

distribution [7].
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The feature sets used In this paper are: .Ackno.edxfent: This work was supported by the

ORR Statistics and Probability Program Contract
: r for (rl, r2 ) - (1,3), (3,6), (6,12), No. N00014-79-C-094. The programming assistancer2 (12,24). (24,) of Mr. Gia-Kinh Young is gratefully acknowledged.

wedge: # far (ol 02) - (0,15) (15,30): References
1 (30,.5), (45,60), (60,75), 1. R. Bajcsy and L. Lieberman, "Texture gradient

(75,90) as a depth cue," Computer Graphics and ImageProcessing, Vol. 5, PP. 52-67, 1976.
xThe mximum ring radius used is 48 since it already

covers most part of a 64x64 array power spectrum. 2. J. Weszka, D. Dyer and A. Rosenfeld, "A com-
parative study of texture measures for

- A combination feature of ring and wedge has terrain classification," IEEE Trans. on
* been tested for 30 pairs of feature values. Table Systems, Man and Cybernetics, VoL. SMC-6, pp.

I shows part of features which did higher than 19 269-285, 1976.
out of 214 correct, i.e., more than 80% correct.
Table I shows the best performing pairs using the 3. K. Lave, "Texture energy measures," in R.
same kind of features (ring and ring, wedge and Nevatia and A. Sawchuk, "Semiannual Technical

. wedge): there are 6 out of 25 pairs which Report," University of Southern California,
.4 classified correctly higher than 75%. Other USCIPI Report 910, pp. 18-31, 1979.

pairs' results are concentrated near 12-17, i.e.,
more than 50%-correct recognition. For the pairs 4. J.S. Lir and N.A. Malik, "A new algorithm for
that contain the wedge near the edges, the results two-dimensional maximum entropy power spectral
are very good since the test samples give some estimation," IEEE Trans. on Acoustics, Speech
directional information. Also for the rings a and Signal Processing, Vol. ASSP-29, No. 3,
little farther from the origin, the results are pp. 4ol-13, June 1981.
better since it shows a large difference in the
spectrum value there. 5. C.H. Chen and G.K. Young, "On a two-dimensional

maximum entropy spectral estimation method for
Equalized features are also tested: we used the texture-image analysis," SMU-EE-TR-81-16,

five rings intersected with three wedges (ring: Technical Report, SU, N. Dartmouth, MA,
(1,3), (3,6), (6,12), (12,21), (2.,.8) and wedge: Oct. 1981.
(o,30), (30,60), (6o,9o)). 105 pairs of features
have been tested. Table III shows the best per- 6. R.O. Duda and P.E. Hart, "Pattern Classification
forming pairs of which the best score, 23 out of and Scene Analysis," Wiley, 1972.
21, is 95% correct. From the results, we can see
that the ring feature (24,48) gives very useful 7. C.H. Chen, "Nonlinear Maximum Entropy Spectral
classification information indicating that there Analysis Methods for Signal Recognition,"
exists a large textural variation in that region as - Research Studies Press, England, 1982.
the texture coarseness plays an important role in
the pair.

V. Discussion

In this paper, we have observed that equalized
features did better than unequalized ones for this
test samples. It is shown that both the coarseness
and the directionality are important factors in
texture discrimination. For the consideration of
practical use in automatic classification, various
kinds of textures must be tested and compared with
other methods using the non-spectral features. Fig. 2.
Another important factor which may influence the
results is that if we increase the autocorrelation
function and the discrete Fourier transform length
while estimating the power spectrum, the accuracy
and the resolution will be better. But there is a
traeoff between the accuracy and the computational
time. In this paper, these parameters (i.e., auto-
correlation function: 7X7, discrete Fourier trans-
form length: 32) are chosen for the real-time pro-
ceasing purpose. Also the locations of the main
and second components of frequencies can serve as
another important features because they vary among
different textures.

Pig. 2b
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Initial estimate o Xnrn2 ).,rl,n) I F1 (-F A
.2 ) F nl,n 2)]} Features Number correctly

-' classified
Correct R y(nln 2 ) with Rx (nl,n2) for (nl,n2 )cA Ring Wedge

S(24,48) (0,15) 22
(1,3) (0,15) 21

•(n 2 mnl ) (3,6) (0,15) 20

( (12,24) (0,15) 19
X (nL,n2 )- 0 for (n,,n2) eA (3,6) (30,45) 19

1 2" 
(3 ,6 ) (75 ,90 ) 70

: "' 2) - F[ R 7(nln 2 )] Table I: Beat performing pairs using the
*. Figure 1 combination feature of ring and wedge

for those with more than 80% correct
classification.

Features Number correctly

Ring classified

(6,12) (224,248) 20
, (6,12) (12,24) 19

Figure 3 (30,45) (75.90) 20(15,30) (60,75) 18

(30,.45) (60.75) 18(45,60) (60,75) 18

Table 11: Best performing pairs using same kind
lof features, for those with more than

75% correct classification.

Features Number correct

classification

Ring nl wedge Ring r) Wedge
(3,6) (0,30) (224,248) (0,30) 23
(12,24) (60,90) (24,248) (0,30) 23
(24,48) (0,30) (24,248) (30,60) 22

Fig. 4a (1,3) (0,30) (24,.8) (0,30) 22
(1,3) (30,60) (24,248) (0,30) 22
(1,3) (60,90) (224,4.8) (0,30) 22
(3,6) (30,60) (24,48) (0,30) 21
(3,6) (60,90) (24,48) (0,30) 21(6,12) (0,30) (24,48) (0,30) 21
(12,24) (30,60) (24,48) -(0,30) 21(12,24) (0,30) (12,24) (60,90) 20
(1,3) (30,60) (6,12) (0,30) 20
(1,3) (60,90) (6,12) (0,30) 20
(12,24) (0,30) (24,248) (0,30) 20
(1,3) (0,30) (6,12) (0,30) 19

1 (3,6) (0,30) (6,12) (0,30) 19
(3,6) (30,60) (6,12) (0,30) 19
(6,12) (0,30) (12,24) (60,90) 19

Fig. 4b Table III: Best performing pairs using equalized
features for those with more than 80%
correct classification.
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ON A SPATIAL CLUSTERING ALGORITHM FOR IMAGE ANALYSIS1C. Appendix C

Electrical Engineering Department

Southeastern Massachusetts University

North Dartmouth, MA 02747 U.S.A.

Abstract

A computationally efficient spatial clustering algorithm is presented for image
segmentation and compression. The algorithm can automatically determine the minimum

number of clusters and can also work on a specified number of clusters. Examples are

*" given on the processing of Seasat images using the algorithm.

Introduction

Besides the use of acoustic sensors, remotely sensed images can provide essential

*information on the object extraction and tracking in the ocean environment. Seasat

* SAR images are a good example. Many automatic Image analysis algorithms have been

developed. Such algorithms are generally application dependent. For remote sensing

images, cluster analysis is important as it reveals the structure of the data from

which useful information can be derived. Conventional clustering methods do not

preserve the spatial relations in a image. Spatial clustering for image analysis has

been considered [1][2]. However feature extraction was not taken into account.

Furthermore the computation involved is quite extensive. A more efficient spatial

* clustering algorithm is developed for minicomputer processing, that employs properly

selected features. The clustered image shows various regions (segments) from which

desired objects may be extracted. Furthermore considerable image data compression

is accomplished with essentially no loss of information. Examples are based exclu-

sively on Seasat images dealing with the ocean environment.

Algorithm for Spatial Clustering

The algorithm proceeds as follows:

(1) Form a feature set, for each pixel, consisting of local mean and gradient.

Other features may also be used.
(2) For each 2x2 subarea, measure the mean vector and dispersion.

I (3) Determine the critical dispersion, and calculate the merging distance d.

(4) Merge adjacent subareas with distance less than d to form subregions. Calculate

the mean vectors of subregions.

(5) Group these mean vectors into clusters using K-mean algorithm which converges

to several cluster centers representing the mean vectors of regions.
For a given inter-region threshold distance, the algorithm can automatically

adjust to an appropriate number of clusters. If the number of clusters is specified

as in conventional cluster analysis, the algorithm will provide the specified number

of clusters.



The imagc speckles in synthetic aperture are multiplicative in nature. Without

*removing such noise, the cluster results may still be very noisy. A simple pre-

* processing method is to use the Sigma filter suggested by J.S. Lee [3]. For each

5x5 (or 3x3) subarea the average gray level value is compared with the three-standard

deviation (3a) of the normalized image histogram (first order probability density).

If the value is within 3o 1 n the center pixel is replaced by the average value. If

the value exceeds 3o, then it is an indication of edges or object boundary and the

original gray level is retained. The procedure thus provides a compromise between

noise filtering and edge preserving and adds only slight amount of computation to

the clustering algorithm.

Computer Results

The original Seasat images are all of 256 gray levels. For convenience with

minicomputer processing the digitized pictures are all reduced to 256x256 pixels

even though the original images are much larger in size. The cluster algorithm is

set such that a maximum of 7 clusters is selected. Figure 1 is for the scene of a

ship off Chesapeake Bay. Figure la is the original. Figure lb is the spatially

clustered image. Figure lc has the histograms of original (left) and clustered

(right) images. Figure Id uses the Sigma filter preprocessing with 3x3 subarea

while Fig. le is the corresponding result with 5x5 subarea. Preprocessing with 5x5

subarea followed by spatial clustering appears to be the best. Figure2 is the

scene of Anchorage, Alaska with Fig. 2a for original and Fig. 2b for 5x5 preprocess-

ing followed by spatial clustering. Figure 3 is the scene of Nantucket Shoals with

Fig. 3a for original, Fig. 3b for 5x5 median filtering and Fig. 3c for 5x5 pre-

processing followed by spatial clustering. Computer results all show that the

"natural" clusters of the original images are very much preserved while noises are

considerably reduced, and at the same time the contrast is enhanced, with the use of

the spatial clustering algorithm.
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Appendix D

APPENDIX PRESPAoFOR

C PRESPA.FOR ( WAS PREA4.FOR )
C 30-MAY-82 ( 300 SECTION : READ DATA FILE FROM TAPE)

C 27-APR-82
C PROGRAM TO READ A DISK FILE 256X256 PIXELS
C OUTPUT ITS FEATURE VECTORS# MEAN * GRADIENT
C OR ORIGINAL INTENSITY , GRADIENT
C CHOICE 3: READ DATA FROM TAPE
C TO FORM NOF1 I NO2 OUTPUT FILES
C FEATURE 1 AND FEATURE 2 RESPECTIVELY
C NOF1: OUTPUT DATA 0 MEAN OR ORIGINAL GRAY LEVELp COMPONENT
1
C NOF2: OUTPUT DATA I GRADIENT, COMPONENT 2
C IF CHOICE 1 OR 2 : READ DISK FILE NOF4
C NOF4: INPUT DATA
C

INTEGER F(1024),F2(1024),CHOICEIMEAN(256),IGRAD(256)
REAL DHEAN(256),DGRAD(256),WS1(256),WS2(256)
DATA NOFINOF2,NOF4/jI2,4/

1001 FORMAT( PROGRAM PRESPAoFORo/
2 0 PREPROCESSING IMAGE DATA TO FORM FEATURE

VECTORSO/
3 0 FOR AUTO SPATIAL CLUSTERINGO/
4 0 INPUT: FTN4.DAT OR TAPE - ORIGINAL GRAY LEVELI/
5 * OUTPUT: FTNIoDAT FEATURE COMPONENT 1/
6 FTN2.DAT, FEATURE COMPONENT 20/
7 CHOICES:0/" 1: LOCAL MEAN v LOCAL GRADIENT'/
8 " 2: ORIGINAL INTENSITY • LOCAL GRADIENT*/
9 0 3: COMPRESS A 2BY 2 SUBIMAGE INTO 1 PIXEL'/
1 * 4: READ TAPE DATA (NORGL*NORGP) TO

DISK(NOLt NOP )/)
1002 FORMAT(15)
1003 FORMAT(* ENTER INPUT AND OUTPUT FILES SIZE*/

1 " NOLINoNOPINoNOLNOP: FORMAT(415) ° )
1004 FORMAT(415)
1 CONTINUE

WRITE(7,I001)
READ(5,I002)CHOICE
IF (CHOICE.LE.0.OR.CHOICE.GT.4) GOTO 1
GOTO (50,50,300#400).•CHOICE

50 CONTINUE
WRITE(7#1003)
READ(S, 1004)NOL IN, NOPI NNOL, HOP

C ORIGINAL INTEGER DATA FILE OF AN IMAGE
DEFINE FILE NOF4(NOLINNOPINvU#INDX4)
NOLI=NOL-1
NOPIMNOP-1

C OUTPUT FILES, NOPI p NO2, INTEGER NUMBERS
DEFINE FILE NOFI(NOLNOP#UINOXI)
DEFINE FILE NOF2(NOLoN)P#UvINDX2)
GOTO (100•200),CHOICE

100 CONTINUE

* . ** . * .- . <:...J
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DO 90 I11,NOL1

READCEOF4"IND14)(F(K),K=4,NOPIN)
READNOF4ID4)(F2(K),K1l,UOPIN)
DO 70 J=lpNOP1
INEAN(J )=(F(J).F(J~l).F2(J).F2 (3.1))/4
IGRAD(J)z(IABSCF(J)-FCJ.1)),IABS(F2(J)-F(J)))/2

70 CONTINUEII INEAUN OP )=INEANCNOPI)
* IGRAD( NOP)=IGRkD(NOPl)

1N1X11
INDX2I1
WRITE(NOFlVIUDX1)(IMEAM(K)oK=1,NOP)
WR ITE( IOF2*INDX2)(CIGRAD (K),K=lIONP)

90 CONTINUE
NR ITE( NOF1OINDX1 )(INEANCK)o,K1l,NOP)
WRITEC NOF2'INDX2)(IGRAD(K)j,Kl,rNOP)
GOTO 900

200 CONTINUE
C CHOICE 2: SECTION
C FEATURE: ORIGINAL INTENSITY & LOCAL GRADIENT

Do 290 1=1#U1.
IN DX4= I
READ(N0F411NDX4)CF(K),K1,PNOP IN)
READ(NOF?4INDX4)(F2CK), Kl,rNOPII)
DO 270 J=IPNOPI
IGRAD(J )=(IABSFJ)-F(Jtl)).XABS(F2(J)-FCJ)))12

270 CONTINUE
IGRAD( NOP)=IGRADCNOPI)
INDX1=I
INDX21
WRITEC NOFoINDX)(F(K),K1.pNOP)
WR ITE N0F2011DX2)C IGRAD (K), K1,PNOP)

290 CONTINUE
MRITE(NOF1IINDX)(F2(K),K=1,NOP)
WRITEC NOF2I1NDX2)( IGRAD CK),K=1,NOP)
GOTO 900

300 CONTINUE
C READ TAPE DATA FILE SECTION
C NOLIoNOLF#NOPI#NOPF2 COVER THE AREA INTERESTED
C NOL, NOP: SIZE OF THE OUTPUT DATA IN FEATURE SPACE
C EACH RECORD REPRESENTS 2 BY 2 ORIGINAL PIXELS

WR ITEC 7,1031)
*1031 FORMAT(' ENTER ORIGINAL TAPE FILE SIZE AND WHICH FILE IN
* TAPE /

I *r NORGLNORGPNTH ( FORMAT(316)):
READ(5, 1032)NORGL, MORGPNTH

1032 FORMATC316)
MR ITE 7,1033)

*1033 FORMAT( WHICH PART OF IMAGE TO BE PROCESSED?o/
I v NOLIsNOLFjNOPIoNOPF C FORNAT(416) )
READ(5,10 34) NOL I,NOLF, NOPINKOPF

1034 FORMATC4I6)
NOLCINOLF-UOLI+1)/2
NOpm(NOPF-*OPI,1)f2
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MRITEC7,1035)XOLI, NOLFNOPINOPFMOLMOP
1035 FORNATCW CHECK: VOLIoMOLF#NOPIONOPF.,NOLMOP'/

1 616
2 /0 NOL X MOP VILL BE THE OUTPUT SIZE')
DEFINE FILE NOF1(NOL#NOPoU#KNDX1)
DEFINE FILE 30F2(NOLoNOPoUPINDX2)
REWIND MOFi
REWIND M072

C SKIP THE PART NOT TO BE PROCESSED
NSKIP=NOLI-l

C MOLI IS THE FIRST LIVE TO BE PROCESSED
IF (NSKIP.LT.1) GOTO 312
DO 310 I=10MSKIP

310 CALL READUM(Fol#NTH)
312 CONTINUE

DO 350 1=10NOL
DO 315 J=10MOP
IMEANCJ)
IGRAD(J )0

315 CONTINUE
CALL READUN(F#1,NTH)
CALL READUM(F2o1,NTH)
DO 320 J1,NMOP
IMEAM(J)=(F(NOPI.J+J-2)*F(MOPI.J.J-1)+F2C10P14J.J-2)+
1 F2(N0P14J4J-1))/4
IGRAD(J)=(IABS(F(NOPI.J.J-2 )-FCNOPI*J.J-1 ) )
1 IABS(F(NOPI.J.J-2)-F2(NOPI.J.J-2)))/2

320 CONTINUE
INDX1=1
INDX2=I
MRITE( NF1INDX1)(IMEAMK),K=1,FNOP)
WRITEC MOF2I1MDX2)(IGRAD(K),K=1,NOP)

350 CONTINUE
GOTO 900

400 CONTINUE
C READ TAPE DATA FILE TO FORK A COMPRESSED DISK DATA FILE
C INPUT SIZE :NORGL BY MORGP PIXELS
C OUTPUT SIZE: MDL BY MOP

WRITEC 7,1041)
1041 FORNAT(o ENTER NORGL#NORGPNOL#NOPoNOF'NTH*/

1 0 E.G.o 256,256,64#64,?,?)
READ(5. 1042) NORGLNORGPNOLNOPNOFNTH

1042 FORNATC616)
DEFINE FILE MOF(N0LNOP#UINDEX)
ITERL=NORGLfNOL
IT ERP=NORGP/ MOP
DO 450 1=1,101.
DO 420 J=1,ITERL

420 CALL READUM(FolfNTI)
WRITEC NOF'INDEX )(F(ITERP*K),K=1,NOP)

450 CONTINUE
GOTO 900

900 CONTINUE
CALL EXIT
END
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APPENDIX SPABW.FOR

C -------- ---------------------------

c 9A123456789B1234567e9Cl23456789DI23456789EI23456789FI2345678
9G1 2
C FILE NAME: SPABWeFOR
C AUTO SPATIAL CLUSTERING FOR BLACK/WHITE IMAGE DATA
C
C REFERENCE FUKADA," SPATIAL CLUSTERING PROCEDUREsFOR REGION
C ANALYSISfPATTERN RECOGNITION,12,395-403.r(1980).
C
C
C INPUTS: NOFi, FTN1.DAT, FEATURE 1

*C NOF2, FTN2.DATo FEATURE 2
C OUTPUTS:NOFCo FTN12.DATo CLUSTERING RESULT FOR COLOR
DISPLAY
C NOrf, FTN1I.DATo CLUSTERING RESULT FOR BLACK/WHITE
C DISPLAY
C NOFF, FTN15.DAT, SOME PARAMETERS DURONG PROCESSING
C SIZE OF IMAGE IS RESTICTED TO 256 BY 256 IN FEATURE SPACE

'4 -- - - - - - -- - - - - - - -- - - - - - - -- - - - - - -

LOGICAL*1 DDMY(9)
REAL PREY(60*2).PRENO(60)
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOFBNOFC.NOFF
COMMON IBLOCK1/NOL.NOPNQL2rNOP2,NOLHIOPH
COMMON IBLOCK2ICKV6O2).CN(60),FKV(30,2).FNO(30)
COMMON /BLOCK3/IA(256),18(256)oA(256.2),B(256,2)
COMMON IBLOCK4/AB(256,2)oABM(2,128,2),TRACE(128)
COMMON /BLOCK5/LABEL(2,128),ICOLOR(256),IBW(256)
DAIA NOF1,10F2.NOFB.NOFCNOFF/1.2,11.12,15/

1701 FORMAT(a RUNNING PROGRAM SPABW.FOR AUTO SPATIAL
* CLUSTERINGO/

1I INPUTS p OUTPUTS: NOF1NUOF2pNOFBsNOFC#MOFFO/
6 FOR CHECK:O,515/
2 *NOFC s NOFB STORE TEMPORARY DATA DURING

PROCESSINGO/
3 OUTPUTS: NOFC(REWRITTEN) 7 OR LESS COLORSO/
4 aNBFB(REWR1TTEN) BLACK AND WHITE

DISPLAY /
5 aNOFF, INFORMATIONS DURING PROCESSING-)

1515 FORMATV MERGE ITERATIONOP15)
1520 FORMAT(w THE 'el5o'TH ITERATION REACHES MAXIMUM Noe
CLUSTERS*/

1 d, Noe OF CLUSTERS:,15S)
1511 FORMAT(a KERNEL CANDIDATE VECTORS FOR,1l4., STARTING -

1 *CLUJSTER CENTERSO/)
1512 FORMATCa ENTER IMAGE DATA FILE SIZE ( FEATURE SPACE )0/

1 NOL, NOP: FORMAT(2I5)-)
1513 FORMAT(2I5)
1514 FORMAT(o CHECK:NOLNOPNOL2,NGP2,NOLHNOPH'/6[5)
1516 FORMATV ENTER OPTIONS: CIOP(K),K4,10)7/

1 *IOP(1: CONTROLS PRINTER, 1: MEANS p TRACE
MATRI XaI

2 10PC2): K-MEANS ALGORITHM DETAILS ON SCREENI/
3 * 1PC3: MERGE DETAILS, LABEL(2,K) ARRAYO/
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4 *IOP(4): NSTEP# ND. OF STEPSO/
5 *IOP(5): 1, SKIP K-MEAN ITERATIONO/)

1517 FORMAT(1016)
1518 FORNAT(o TODAY IS *,9A1)

REMIND NOF"
WRITEC701501)
WRITE(NOFFr1501)
CALL DATECDNV)
WRITEC MOFF,1518)(DDMMY(K).K=l.9)
WRITEC7sl518) (DDMMYCK),K=l,9)
WR ITEC 10FF, 1701 )NOF1.,NOF2,NOFB.NOFC, NOFF
WRITEC 7,1l71)NOFl.NOFZNOFBNOFC.NOFF

* MR ITEC7,1512)
URITE(NFF1512)
READ(5.r 1513) NOL.NOP
MR ITEC 7,1 516)

* MRITE(NOFF1516)
READC5sl5l7) (IOP(K),Klf10)
VRITE(EOFF,151I7)(IOP(K).,K=1, 10)
WRITE(7,1517)( IOP(K)fK=1, 10)
NOL2 N OL.NOL
NOP2ENOP*IOP
AOLH=NOL/2
NOPHIXOP/2
WRITECNOFF,1514)NOLNOP.NOIL2,10P2NOLHNOPH
WRITEC 7,1514)NOLNOP,10L2.30P2.NOLH, NOPH
DEFINE FILE MOF1(VOLoNOPoU#INDX1)
DEFINE FILE R0F2(MOLrNOPUPIIDX2)
DEFINE FILE NOFB(UOLoUOP.UINDIB)
DEFINE FILE NDFC(NOL#NOP#UfINDXC)

C NOFF=FT315.DAT UNFORMATTED
REWIND NOFi
REMIND 3072
REWIND 1079
REWIND NOFC

1501 FORMAT(w THIS IS THE LOG FILE OF EXECUTING SPABV.FOR)
C-- - - - - - - - - - - - - - - - - - - - - - -
C CALCULATE MEANS OF FEATURE VECTORS OF 2 BY 2 SUBINAGE
C STORE IN NOFB: FIRST HALF -- FEATURE 1 MEANS OF 128XI28
C SECOND HALF -- FEATURE 2 MEANS
C 128 X 128 SUBINAGES EACH
C IN NOFC: FIRST AND SECOND HALF ARE THE SAME, TRACES

CALL DISPER
C ee- - -------- - --------- --

C FIND MAX,0 MN OF TRACE MATRIX
CALL MAXNIN(DMAXODMIN)

C ---- - - --- -- -- -m -- - - - - - -

C MERGING SECTION
NSTEP=IOP(4)
STEPC(DMAX-DNIN)/rLOAT(NSTEP)
MR ITEC 7,1522 )DMAXsDNIN, STEP
MR ITEC NOFF,.1522 )DNAX,D~iNNSTEP

1522 FORMATCo DNAX='#E20*8# DMIN=*E20.8#l STEP~ooE2O.8)
IPREV=O

C ITERATIONS TO FIND MAXIMUM NO. OF CLUSTERS

'-4.
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DO 300 1=lNSTEP

WRIIECNOFFr1515)IN
CALL MERGECIMSTEPDMINMCLSR)

C ACCEPTED 10. OF CLUSTERS: 7 OR LESS
If (IPREVeLEo7.AND.IPREV-GTol) COTO 333
IPREV=NCLSR

C SAVE CURRENT NUMBER OF CLUSTERS AND KERNEL VECTORS
0O 200 J1.oIPREV

* PRENO(J)=CNO(J)
PREVCJr1)=CKV(Jj1)

20 PREVCJf2)=CKVCJ,2)
20 CONTINUE

300 CONTINUE
333 NI=IN-1.

WRITEC NOFF,1520 )NloIPREV
D0 350 J=IPIPREV
CNO(J)=PRENO(J)
CKY(JvlI)=PREV(Jo1)
CKVCJ..2)=PREV(J,2)

350 CONTINUE
* WRITEC NOFF,1561)

1561 FORMATCo MERGE ENDED WITH MAXIMUM NO. CLUSTERSO)
WRITECNOFF,1562)(CCKV(NL),L=1,2),pN=1,IPREV)

1562 FORNAT(P BEFORE SORTING'/
1I KERNEL CANDIDATE VECTORSO/
2 30((5X,2E20.8)/))

C SORT THE CANDIDATE VECTORS
NC=IPREV

C------- - ----------- ----------------

C SORT THE CANDIDATE KERNEL VECTORS
CALL SORT(NC)
NRITE(NOFF.1l563 )((CKV(N,L),L1,2),N1.NC)

1563 FORMATCo SORTED KERNEL CANDIDATE VECTORS01
1 30((5Xp2E20.8)l))
IF (NCoGT.7) NC=7

C FOR THlE PURPOSE OF AED-512 PSEUDO COLOR DISPLAY
WRITECIOFF,r1511)NC

C IF C10P5)-EQ.1) SKIP THE K-MEAN ITERATIONS
C DIRECTLY USE MERGING RESULT CADIDATE KERNEL VECTORS
C TO CLASSIFY THE IMAGE

WRITEC 7.1568)IOP(5)
1568 FORMATCW IOP(5)=0#15)

IF (IaP(5).EE.) GOTO 700
WR ITEC 7.1570)

1570 FORMAT(v SKIP K-MEAN ITERATION)
DO 650 N1,fNC
DO 640 L=102
FKV(No,L)=CKV(N,L)

640 CONTINUE
650 CONTINUE

GOTO 800
700 CONTINUE

hR ITEC 7,1580)
1580 FORMAT(o CALLING KERVEC: K-MEAN ITERATIONv)
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C - - - - - e - - - - - - -- - - - -

C ITERATIONS TO FIND MORE ACCURATE KERNEL VECTORS
C CALLED FINAL KERNEL VECTORS

CALL KERVEC(NCoKKDD)
WRITE( MOFF, 1500 )KKr DD

1500 FORMAT(1IoCLUSTERING REPEATS°elXI13,lXwTIMES'/IXf
1THE FINAL WITHIN-CLASS DISTANCE ISO1XlE20.8/)

800 CONTINUE

C CLASSIFICATION SECTION
C OUTPUTS: NOFC, COLOR DISPLAY RESULT
C NOFDp BLACKIUHITE DISPLAY RESULT

CALL CLASS(NC)
WRITE( NOFF, 1523)

1523 FORMAT(IOX&O,11 COMPLETE EXECUTION OF PROGRAM SPABM life)
CALL EXIT
END

C
C
C SUBPROGRAMS -----------
C
C o a----- --- ------------

C SUBROUTINE TO CALCULATE TRACE MATRICES OF FEATURE MATRICES
C STORED IN NOFD

SUBROUTINE DISPER
COMMON /BLOCKO/IOP(10),NOFloNOF2,NOFBoNOFCNOFF
COMMON /BLOCXI/NOLNOP,1OL2,NOP2,NOLHBNOPH
COMMON /BLOCK3/IA(256),XB(256),,A(256,2),B(256.2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
REWIND NOFI
REWIND NOF2
REWIND NOFB
REMIND NOFC

C PROCESS THROUGH ROWS OF DATA MATRIX
DO 100 IZlNOLH
12=1+I-1
INDXI-I2
INDX2=I2
DO 40 JJ.12

C READ 2 LINES OF EACH FILE
READ(NOFI°INDX1 )(IA(K).K=l, NOP)
DO 10 J=1,NOP

10 ACJPJJ)MFLOAT(IA(J))
READ(NOF2 INDX2)(IB(K),K=l,, NOP)
DO 20 JzI#NOP

20 B(JjJJ)aFLOAT(IB(J))
40 CONTINUE
C CALCULATION THROUGH EACH SUBINAGE

DO 80 KJFNOPH
KI=K.K-1

Sizo.
S2=0.
DO 62 MNKIPK2
DO 60 L=1#2

-.,,:.,;. /,,,.::~~~ ~~~..---;..... ...........................- ,....-...-........ .. ...
*' . -,, ,;;, .. .. ... .... .,. ,. ...... .... ..-... ,. -.... ...-.. ,... ,, ,. , , ...
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Si=S l+A(N, L)
S2zS2.B (ML)

60 CONTINUE
62 CONTINUE

* ABN(2,Kfl)=S*0.25
ABM(2oK,2)=S2*0 .25
sI=0.

* S2=0.
DO 72 M=KlK2
DO 70 L1,p2

S2=S2t(B(NL)-ABN(2,.K,2 ))**2
* -70 CONTINUE

72 CONTINUE
TRAC E(K )=(SlS2)*0. 25

80 CONTINUE
hMDXB~I
IF (IOP(1).EtQ.1) WRITE(6,1001)(ABM(2,Ko1),K=1.32)
WRITE( NOFB'PtiDXB)ABM(2IC,1 ),K=1 NOPH)
INDXB=I+NOLH
IF (IOP(l).EQ.l) WRITE(6,1002)(ABN(2,IC,2),K=l1,32)
WRITE(NOFBOINDXB)(ABN(2K2)K=,NPI)
INDXC=I
WRITE( NOFC'INDXC)(TRACE(K),KI,FNOPH)
INDXC=I*NOLH
IF (IUP(1).EQ.1) WRITE(6r1004)(TRACE(K)PK1,p32)
WRITEC NOFCdINDXC)(TRACE(K),.K=1,NOPH)

100 CONTINUE
1001 FORMAT( d'AMd,32F4.0)

*1002 FORMAT(' BN,r32F4.0)
1004 FORMATV TR.32F4.0)

RETURN
END

C ---- - --------- - ------------------------

C READ TRACE MATRIX TO FIND MAX r MIN
C

SUBROUTINE MAXNIN(DNAX.DMIN)
COMMON /BLOCKO/IOP(10),tNOF1,NOF2,NOFBNOFCNOFF
CON1MON /BLOCKI/NOLNOPNOL2,NOP2,NOLHNOPH
COMMON IBLOCK3/IA(256),IB(256),A(256,2),B(256,2)
COMMON /BLOCK4/AB(256,2),ABM(2,128,2),TRACE(128)
REWIND NOFC
INDXC~l
READCNOFC*INDRC)(TRACE(K),K=1, NOPH)
DMAX=TRAC ECI)
DM IN=TRACE(1)
00 10 J=2pNOPH
IF (TRACEtJ).L't.DMIN) DMIN=TRACE(J)
IF (TRACE(J).GT.DMAX) DHAX=TRACE(J)

10 CONTINUE
DO 100 I=2pNOLH
INDXCIl
READ(NOFC'INDXC )(TRACE(K),.K=1,.NOPH)
DO 30 J1,PNOPHf
IF (TRACE(J)oLT.DMIN) DMIN=TRACECJ)
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IF (TRACE(J).GT.DMAX) DMAX=TRACE(J)
30 CONTINUE
100 CONTINUE

WR ITE(7,1l001)DNAXrD4IN
1001 FORJ4AT(/ DMAX=,pF12.4,' DMIN=wrF12.4)

RETURN
END

C
C --- --- - - - - - - - - - - - - - - - - -

C M4ERGE AND DECIDE KERNEL CANDIDATE VECTORS
C

SUBROUTINE MERGE(IMRGEoDSTEPDMINLLBS)
REAL FIRST(60)
COMMON IBLOCKO/IP(10)sNOFINOF2,NOFBNOFCNOIF
COMMON /BLDCK1/NOLNOP, NOL2,NOP2,rNOLFINOPH
COMMON /BLOCK2/CKV(60,2),CNO(60),FKV(30,2),FNO(30)
CUMMON /BLOCK3/IA(256),IB(256),A(256,2),B(256,2)
COMMON IBLOCK4/AB(256,2),ABM(2,128,2 ),TRACE(128)
COMMON /aLOCK5/LABEL(2,128),ICOLOR(256),IBW(256)

1502 FORMATO(30( CNO(N): fF12.1))
1503 FORMAT(o *FMINo DMRGE:0f2E20.8)
1504 FORMAT(/o IMRGE:or15)
1505 FOR14ATV FIRST SUBIMAGE:v)
1506 FORMATO' JOIN CLUSTER NL:0)
1507 FORMAT( NEW CLUSTER:O)
1508 FORMAT( LLBS.GE.600)
1532 FORMAT(15XoTHETA ,7X, SIGMA-SQUAREr3Xe
MERGING-DISTANCE:0/

1 3E20.8)
1533 FORMAT(o KLLBSTRACE(]K),THETAD4RGE:0/215,3E20.8)

REWIND NOFB
REWIND NUFC

C FOR EACH ITERATION: ZERO OUT THE VARIABLES
DO 20 J=1,60
CNa(J)=0.
0O 10 L1l,2
CKV(JrL )=0.

10 CONTINUE
20 CONTINUE

LLBS=O
C DMIN: SIGMA-SQUARE
C THETA: SOME THETA
C DMIRGE: MERGING DISTANCE

THETA=DNIN4DSTEP'FLOAT( IMRGE)
DMRGE=SQRT(4./3 .*(THETA-.DRIN))
Nh ITE( NOFF,1 532 )THETADMINDMRGE
hRITE(7ol504)IMRGE

C GO THROUGH SUBIMAGES AND LABEL THEM kITH CLUSTERS
L00 300 J1,oNOLH
IF (J.GT.1) GOTO 35

C J=l : CASE OF FIRST LINE OF SUBIMAGES
DO 30 K~lpNOPH
LAIEL2pK)=
DO 30 L=1#2

30 ABM(1,KpL):-0.
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COTO 45
35 CONTINUE
C GET P9EVIOUS LINE OF SUBIMAGES IN RGBM ARRAY

DO 40 1(=1,NOPH
DO 40 L=lp2

40 ABM(lKfL)=ABN(2,fKL)
45 CONTINUE

INDXB=J
READ(NOFBOINDXB)(ABM(2,K,l)K=1,NOPN)
INDXB=J4NOLH
READ(NOFB'INDXB)(ABM(2,pK,2),K=1,rNOPH)

C INTIAL LABEL FOR EACHI SUBIMAGE
* Do 50 K=11NOPH

LABEL(i.K)zLABEL(2,.K)
LABEL(2pK)=0

50 CONTINUE
INDXC=J
READ(NIJFC 'INDXC )(TRACE(K),K=1, NOPH)

C GO THROUGH IMAGES ONE BY ONE
DO 201 K=10NOPH
IF (IOP(i ).EQ*9) WRITE(7,1533)KLLBSTRACE(K),THETADMRGE
IF (LLBS.GE.60) WRITE(7o1508)
IF (LLBS.GE.60) GOTO 900

C CHECK IF THE TRACE OF CURRENT SUBIMAGE > THETA
IF (TRACE(K).GT.THETA) COTO 200

C SKIP
IF (J.GT.1) COTO 52

C 3=1: FIRST LINE OF SUBIMAGES
C THE FIRST LINE SECTION: CONSIDERING THE NEIGHIBOR

M1=2
142=2
K1=K-1
K2=K
COTO 54

52 CONTINUE
C NOT YtHE FIRST LINE) SO PREVIOUS LINE EXISTS

141=1

K1=K
K2 t(

54 CONTINUE
C CHECK IF FIRST SURIMAGE OR NOT

IF (LLBSEQ.O) GOTO 90
IF (LABEL(M1,Kl).EQ*0) COTO 55

C POTENTIAL NEIGHBOR NOT LABELLED, DIRECTLY CHECK CLUSTERS
C LABEL(M1,Kl) NEIGHBOR HAS BEEN LABELLED
C AND SPATIAL CLUSTERING SHOULD BE APPLIED

DIFF=O.
DO 62 L4l,2

62 DIFF=DIFF4(ABN(M1,KlL)-ABM(g2,K2,L))**2
DIFF=SQRT(DIFF)
IF (DIFF*GT.DNRGE) GOTO 55

C WITHIN MERGING DISTANCE ?
LABELCIMeK2 MZABEL (M1, Kl)
NL=LABEL(MIK1)
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LABEL( M2,K2 )NL
CNO(OL )=CNO(tIL).
DO 64 L=1,2

64 CKV(NLL)=(CKV(NLL)*(CNO(NL)-1.).ABXN2,K2.L))/CUO(NL)
COTO 200

55 CONTINUE
DO 58 N=IPLLBS
DIFF=0.
D0 56 L1,o2
DIFF=DIFF.(CXV(N.L)-ABM(2,K2,L ) )*2

56 CONTINUE
FIRST( N)=SQRT(DIFF)

58 CONTINUE
CALL DISMIN(FIRSTFMINNLLLBS)
IF (FMIN.GT.014RGE) COTO 90
IF (IOP(1).EQ.9) WRITE(7,1503)FNINrDkRGE

C LABEL CURRENT SIJBIMAGE WITH CLOSEST CENTER
LABEL( 12, K2 )NL

C UPDATE NO. OF SUBIMAGES OF CURRENT CLUSTER
CNO(NL)=CNO(NL)*1.

C UPDATE MEAN VECTOR OF THIS CLUSTER
00 60 L=1r2
CKV(NLL)=(CKV(NLL)*(CNO(NL)l.),ABM(2.K2,L))/CNO(NL)

60 CONTINUE
IF (IOP(1).EQ.9) WRITE(7,1506)
GOTO 200

C NEW CLUSTER SECTION
90 CONTINUE

LLBS=LLBS*1
C UPDATE OF SUBINAGES OF THIS CLUSTER

C NO(LLSBS )=CNO (LLBS )41.
C UPDATE NEW CLUSTER VECTOR

DO 92 L=1#2
92 CKV(LLBSL)=ABN(N2&KL)
200 CONTINUE
201 CONTINUE
250 CONTINUE
C CHECK CURRENT LINEvS LABELS

IF (LOP(3).EQ.I) WRITE(7,1545)(LABEL(2oK),K=l,32)
300 CONTINUE
900 CONTINUE

IF (IOP(1).EQ.9) WRITE(7,1502)(CNO(N),Ni=1,LLBS)
IF (IOP(1).EQ.9) WRITE(7,1501)LMRGELLBS
WRITE( NOFFf1501 )IMRGELLBS

1545 FORMAT(v LABEL'r3212)
1501 FORMATWr MERGE ITERATION:vo15o END WITH LLBS: ,151/)

RETURN
END

C
C -----------------------------------------------

C SORTING THE KERNEL VECTORS
C

SUBROUTINE SORTCNCLRS)
REAL TENP(2)
COMMON /BLOCKO/ IOP(l0),NOF1,NOF2,NOFBNOFCNOFF
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COMMON IBLOCK2/CKV(60, 2),CNO(60), FKV(30j,2), FNO(30)
DO 30 I=2,NCLRS
12=NCLRS+I-I
DO 20 J=1,I2
IF (CKV(J+,,1).GE.CKV(J,1)) GOTO 20
DO 10 L=1,2
TEMP(L)=CKV(JlpL)

* CKV(J4IL)=CKV(JoL)
CKV(JL )=TEMP(L)

10 CONTINUE
20 CONTINUE
30 CONTINUE

"R ITE( NOFF, 1533)
1533 FORMAT(W SORTING CANDIDATE KERNEL VECTORS°/)

RETURN
END

C

C TO FIND FINAL KERNEL VECTORS
C LIMIT TO 10 ITERATIONS
C

SUBROUTINE KERVEC(NC#KKDIS)
C DIST ARRAY STORES THE TOTAL DISTANCES OF ITERATIONS
C C ARRAY STORES NUMBER OF PIXELS FOR EACH CLUSTER
C D ARRAY STORES TEMPORARY DISTANCES TO CLUSTER CENTERS
C FOR CURRENT PIXEL BEING PROCESSED

REAL DIST(1),FIRST(60)
COMMON /BLOCKO/IOP(I0),NOFINOF2oNOFBoNOFC.NOFF
COMMON /BLOCK1I/NOLNOPNOL2, NOP2,NOLH, NOPH
COMMON /BLOCK2/CKV(60,2),CO(60),FKV(30,2)oFNO(30)
COMMON /BLOCK3/IA(256)#IB(256),A(256,2),B(256,2)
COMMON /BLOCK 4AB (256 2), ABM( 2t 128o 2)o TRACE(128)
COMMON /BLOCK5/LABEL(2,128), ICOLOR(256),IBW(256)

1020 FORMAT(" IN KERVEC, KK:",15)
C FINAL KERNELVECTORS SAVED IN FKV ARRAY
C FNO STORE NO. OF PIXELS IN EACH CLUSTER
C K-MEANS ALGORITHM
C 10-JUN-82 CORRECT IMPLEMENTATION
C REFERENCE: TOU AND GONZALEZrm PATTERN RECOGNITION
C PRINCIPLES"# PPo94-97o(1974).

DO 12 N=INC
FNO(N)-CNO(N)
CNO(N)=0.
DO 10 L=l,2
FKV(NoL)=CKV (NL)
CKV(NL ):0.

10 CONTINUE
12 CONTINUE
C NO. OF ITERATIONS LIMIT TO 10

DO 500 KK=llO
bRITE(7, 1020)KK
WRITE(NOFF#1020 )KK
DO 15 N=lNC

15 FNO(N)=0.
REWIND NOFI
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REWIND NOF2
REMIND IOFB

C FOR EACH ITERATION:
C REWIND THE FEATURES FILES: A 8 COMPONENTS
C REMIND THE TEMPORARY CLASSIFIED RESULT FILE, NOPS
C CLASSIFYING STANDARDS IN FKV ARRAY
C AT THE SANE TINE, COLLECTING THE NEW CENTERS IN CKY ARRAY
C I.E., UPDATING THE KERNEL VECTORS BY CURRENT CLUSTERING
C ICOLOR ARRAY STORES CLASSIFIED RESULT OF CURRENT LINE

DO 200 1=10NOL
INDX1Il
READ(NOF1"INDXI)(IACK)j,K1,NtOP)

* INDX2I1
READ(NOF20INDX2 )(IB(K),K1,oNOP)
DO 20 J=1,NOP
AB(J,1 )=FLOAT(IA(J))
ACJ.f2 )=FLOAT(IBCJ))

20 CONTINUE
C GO THROUGH PIXELS TO LABEL THEM WITH CLUSTERS

DO 100 J=1,NOP
DO 40 N1,oNC
SUR=O.
DO 30 L1,o2

30 SUD=SUN4(AB(JPL)-FKV(NoL))**2
40 FIRST(N)=SQRT(SOM)

CA 'LL DIS514N(FIRSToFMININjNC)
IC OLOR CJ)=NN
CNO(NN)=CNO(NN)+.

C CURRENT PIXEL WAS FOUND CLOSER TO NN-TH CLUSTER
C THE FEATURES SHOULD BE INCLUDED TO UPDATE THE NN-TH
C KERNEL VECTOR

DO 70 L1,f2
70 CKV(NNL)=(CKV(NNL)*(CNO(N)l.),AB(JL))/CNO(NN)
100 CONTINUE

IN DX 8=
IF C flP(2).EQ.1) WRITE7,1505 )( ICOLOR(K),K1,64)
WRITE( NOFB'INDXB)( ICOLOR(K)o,K1.NOP)

200 CONTINUE
C CURRENT IN CKVJ STORE IN FKY TO BE USED TO CLASSIFY
C IN ROUTINE DISTANo AND WILL GIVE TOTAL DISTANCE

0O 260 N=1,NC
* FNCN)=CNO(N)

CNO(N)0O.
DO 250 L=102
FKV(NL )=CKVCNrL)
CKVCN,-L )0.

250 CONTINUE
260 CONTINUE

NRITE(KOFF,1503 )((FKV(NL),L1l,2),N=1.NC)
1503 FORMAT(I1OXo'CHECK FKV: I/

130((5Xo2E20. 8)/))
bRITEC NOFFo1506)(FNO(N),N1NC)

1506 FORNAT(o OF PIXELS IN EACH CLUSTER:1/
I 30(/F12.1))

C
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CALL DISTAII(NCoDIS)
C

DIST(KK)=DIS
WRITEC 7,1504)DI STCKK),KK
WRITEC NOF.504)DISTCKK)kKK

1504 FORMAT(P IN KERVEC: DIST(KK)=,jE20.8.r KK=',12/)
IF(KK.EQ.1)GO TO 500
RATIO=CDIST(KK)-DIST(KK-1))/DIST(KK-1)
WRITE(NOFFo1005)RATIO
IF(ABS(RATIO).LT.0.001) GOTO 900

500 CONTINUE
900 CONTINUE

21005 FORMATC' RATIO IN KERVEC:,oE20.8)
1505 FORMAT(o COLOR2, 6411)

RETURN
END

C --------------------- --------------------

C
C USE CURRENT KERNEL VECTORS TO CALCULATE THE TOTAL
C DISTANCE OF THE IMAGE
C VC: NUMBER OF CLUSTERS
C DISTOT: ( RESULT ) TOTAL DISTANCE
C

SUBROUTINE DISTAN(NCeDISTOT)
COMMON /BLOCKO/IOP(10).NOFlN0F2.fNOFB,KNOFCNOFF
COMMON /BLOCK1/NOL.NOPNOL2,NOP2,NOLHNOPH
COMMOR /BLOCK2/CKV(60,2),CMO(60),FKVC30,2),FNOC30)
COMMON IBLOCK3IIA(256),IB(256)gA(256g2)gB(256,2)
COMMON /BLOCK4IABC256,2),ABN(2,128s2),TRACE(128)
CONMOR IBLOCK5ILABEL(2,128),ICOLOR(256),IBW(256)
DISTOTO.*
REWIND NOF1
REWIND NOF2
REWIND NOFB
DO 200 1=10NOL
INDXB=I
READCNOFB 'INDXB )( ICOLOR(K),K1,rNOP)
INDX1=I
READ(NOFIW1NDX1 )(IA(X),K1,jNOP)
INDX2=1
READ(NOF21INDX2)(IBCK),KzlNOP)

C STORE FEATURE VECTOR IN WORKING VARIABLE X
DO 10 K1,lNOP
AB(K,1 )=FLOAT(IA(K))
AB(Ko2 )=FLOAT(IB(K))

10 CONTINUE
DO 100 J=10NOP
NCLSR=I COLOR CJ)

DO 30 L=1,2
SU=SUM.( AB(JL)-FKV(NCLSRL ) )*2

30 CONTINUE
DISTOT=DI STOT+SQRT(SUM)

100 CONTINUE
200 CONTINUE
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MR ITE( HOFF,1501 )DISTOT
1501 FORMAT(P IN DISTAl: DISTOT = .E20.8/)

RETURN
END

C ----- a------- ---- -0~ ----- e--- ----

C
C
C USE THE FINAL KERNEL VECTORS TO CLASSIFY THE IMAGE
C INTO CLUSTERS ( SUBREGIONS)
C

SUBROUTINE CLASSCNC)
REAL FIRST(60)
COMMON /BLOCKO/IOP(10),NOF1,N072,NOFBNOFCNOFF
COMMON /BLOCK1/NOLNOPNOL2,NOP2,NOLHNOPH
CONMON /BLOCK2/CKVC6O,2),CIOC6O),FKV(30,2),FNO(30)
COMMON /BLOCX3/IA(256),IB (256),AC 256,2),8C256,2)
COMMON IBLOCK4IAB(256,2),ABN(2,128,2),TRACE(128)
CONMON /BLOCK5/LABEL(2,128),ICOLOR(256),IBM(256)
WRITEC NOF.1505)

1505 FORMAT(I" IN CLASS:*/)
WRITE(7,1l501)(CFKVCNL),L=l,2),N=1,EC)
WRITECNOFFj,1501)((FKV(NL)L1,2),N=1,NC)

1501 FORNAT(10I, FINAL KERNEL VECTERS :7/(30(5X1,2920.8/)))
1509 FORMATC1XP6411)
C USE FINAL KERNAL VECTORS TO CLASSIFY THE PICTURE
C NOFC: INTEGER OUTPUT) NOFD: REAL OUTPUT

REWIND NOFI
REWIND NOF2
REWIND NOFB
REWIND NOFC

C RANGE OF FINAL RESULT 0.*180
FACT=18O.IFLOAT(NC)
DO 200 11,oNOL
INOXiZI
INDX2=1
READCNOF1 PINDX1 )(IA(K),K=1,MOP)
READ(NOF2vINDX2)(I8(K)sK1,#NOP)
DO 10 J=1#NOP
ABGJol )=LOAT(IA(J))
A8(J,2)=iLOAT(IB(J))

*10 CONTINUE
-4 DO 100 J~1,NOP
* DO 40 N=1,NC

5um=0.
DO 30 L=1,.2
SUM=SUM,( AB(JPL)-FKVCNPL) )**2

30 CONTINUE
FIRST( N )SQRT(SUM)

40 CONTINUE
C DISTANCES TO FINAL KERNEL VECTOS OF NC CLUSTERS
C FROM CURRENT PIXEL ARE STORED IN DIS ARRAY,
C CALLING SUBROUTINE DISMIN TO FIND TO WHICH CLUSTER
C THE CURRENT PIXEL IS CLOSER ( MINIMUM DISTANCE )e
C THE RESULT IS KMIN-TH CLUSTER

CALL O)ISMINCVIRSTfSKINIHMINONC)
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C BLACK AND WHITE DISPLAY PURPOSE: NEEDS TO MULTIPLY A FACTORC TO BE IN REASONABLE GRAY LEVEL RANGE

IBW(J)=IUT(FLOAT(NMIN)*FACT)
C COLOR DISPLAY PURPOSE: AN INTEGER IN RANGE 1 TO 7

ICOLOR (J)zNMIN
100 CONTINUE

INDX8=I
WRITEC NFB"INDXB)(IBM(K),KzlNOP)
INDXCzI
hR ITE(COWCOINDXC)(ICOLOR(KI#KzINOP )
IF (ILE.64) VRITE(?71509)(ICOLOR(K)oKzlo64)
IF (I.LE.64) WRITE(NOFFIs09)(ICOLOR(K),K=164)

" . 200 CONTINUE
RETURN
END

C
C -- - - - - - -- - - -- - - - -- - - -- - - -- - - -

C
SUBROUTINE DISMIN(DARRY.DATMINNOMINNCLSTR)

C PASS DARRY ARRAY WITH NCLSTR ELEMENTS MEANINGFUL
C SEARCH FOR THE MINIMUM ELEMENTo NOMIN-TH ELEMENT,
C WITH VALUE DATMIN) PASS BACK DATMIN AND NOMIN BACK
C CALLING ROUTINE

REAL DARRY(60)
DATMIN-DARRY(1 )
NONIN=

C ASSUME THE FIRST ELEMENT IS THE MINIMUM
C THEN GO THROUGH THE REST OF THE ARRAY TO FIND AMY SMALLER

IF (NCLSTR.EQ.1) GOTO 900
DO 100 I=2,NCLSTR
IF (DARRY(I).GE.DATMIN) GOTO 100
DATNIN=DARRY(I)
NONIN=I

100 CONTINUE
900 CONTINUE

RETURN
END

h
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C -e -n - - ----- -f f l -- - - -- - - - - - -- - - -- - - -- - - -

C 9A12345 6789B123456789C123456789DI23456789E123456789F12345678
9C 12
C FILE NAME: SPACLR.FOR
C AUTO SPATIAL CLUSTERING FOR COLOR IMAGE DATA
C
C REFERENCE FOKADAo" SPATIAL CLUSTERING PROCEDURESFOR REGION
C ANALYSISrPATTERN RECOGEITION,12,395-403,(1980).
C
C
C INPUTS: NOFlo FTN1.DATs FEATURE 1
C N OF2, FTN2.DAT# FEATURE 2
C NOF3v FTN3.DATo FEATURE 3
C OUTPUTS:NOFCv FTN12.DAT, CLUSTERING RESULT FOR COLOR
DISPLAY
C NOFDr FTN11.DATP CLUSTERING RESULT FOR BLACK/WhITE
C DISPLAY
C NOFF, FTN15.DAT, SOME PARAMETERS DURONG PROCESSING
C SIZE OF IMAGE IS RESTICTED TO 256 BY 256 IN FEATURE SPACE
C ---- - - aaaaaaaaa-- --- - - - - - - - - - - - -

LOGICAL*l DDNMY(9)
REAL PREV(60r3)sPRENO(60)
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,EOFCNOFDUFF
COMMON /BLOCK1/NOLNOPNOL2.NOP2.NLINOPH
COMMON /BLOCK2/CKV(60,3),CNO(60),FrKYC3O,3),FNO(30)
COMMON IBLOCK3/IR(256)sIG(256),IB(256),RGB(256,3)

*COMMON IBLOCK4/RGBMC2,128,3).TRACE(128)
COMMON /BLOCK5/LABEL(2,128), ICOLOR(256),IBM(256)
COMMON IBLOCK6/R(256,2),G(256,2),B(256,2)
DATA NOFlN0F2,NOF3,NOFCNOFDNOFF/l1.2.3,1l2,11,15/

*1701 FORMAT(v RUNNING PROGRAM SPACLR.FOR AUTO SPATIAL
CLUSTER ING'/

I1 INPUTS v OUTPUTS: NOF1,NOF2,NOF3,NOFCNOFDNOFF-/
6 'FOR CHECK:eo615/
2 - NOFC r NOFD STORE TEMPORARY DATA DURING

PROCESSINGO/
3 0 OUTPUTS: NOFC(REWRITTEN) 7 OR LESS COLORSO/
4 aNOFD(REWRITTEM) BLACK AMD WHITE

DISPLAYO/
5 0NOFF, INFORMATIONS DURING PROCESSING-)

1515 FORMACo MERGE ITERATIOtd,15)
1520 FORMAT( THE ',15,'-TH ITERATION REACHES MAXIMUM NO*
CLU STER SO/

I NO. OF CLUSTERS:,#15)
1511 FORMATCW KERNEL CANDIDATE VECTORS FOR,1l4, STARTING -

1 'CLUSTER CENTERS'/)
1512 FORKATV ENTER IMAGE DATA FILE SIZE ( FEATURE SPACE )

1 NOL, NOP: FORMAT(215)w)
1513 FORMAT(215)
1514 FORMAYCo CHECK:NOLNOPNOL2pNOP2,NOLHNOPHKI615)
1516 FORMAT(o ENTER OPTIONS: (IOP(K)oK=1o,1O)/

1I IOPC1: CONTROLS PRINTER# 1: MEANS ,TRACE
MATRIX'/
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2 IOP(2): K-MEANS ALGORITHM DETAILS ON SCRKENI1
3 IOP(3): MERGE DETAILS, LABEL(2,K) ARRAY"/
4 0 IOPC4: ISTEP, NO. Of STEPSO/
5 a OP(5): 1, SKIP K-MEAN ITERATIONO/)

1517 FORMAT(1016)
1518 FORMAT(o TODAY IS ,r9A1)

REWIND NOFF
WRITE(7#1501)
WRITEC NOFF,1501)
CALL DATE(DDMMY)
WR ITEC NOrFI518)(DDMMYC K),K=, 9)
WRITEC7o1518) (DDMMTCK),-K2I,9)
WRITE(NOFF,1701)NOF1,NOF2.NOF3,NOFCNOFD.NOFF
WR ITEC 7,170 1)NOF1,NOF2.NOF3, NOFCOoFD,NoFF
WRITE(7v1512)
WRITEC NOFF.1I512)
READ(SoI513)NOLoNOP
WRITE(?,1516)
WRITE(NOFFolS16)
READ(5,1517) (!OP(K)#K=1,10)
WRITE(NOFFs1517)(IOP(K),K110)
WRITE(7,1517)(IOP(K)rK=1#10)
NOL2=NOL+NOL
HOP2=NOP+NOP
NOL~Tl=OL/ 2
NOPH=NOP/2
WRITEC NOFF,1514 )NOL.UOPNOIL2, 10P2,NOLH, NOPH
WR ITEC 7,1514)IOLNOPONL.30P2NOLiNOPH
DEFINE FILE NOF1(NOLNOPU#INDI)
DEFINE FILE NOF2CNOLoNOPoUoINDX2)
DEFINE FILE NOF3(NOLoXPoUINDX3)
DEFINE FILE NOFC(IOLNOPPUINDXC)
DEFINE FILE NOFD(NOLNOPoUoINDXD)

C NOFF=FTN15.DAT UNFORMATTED
REWIND 3071
REWIND NOF2
REWIND NOF3
REWIND NOFC

* REWIND IOFD
1501 FORNAT(o THIS IS THE LOG FILE OF EXECUTING SPACLRoFORo)
C----------- ----------- - ------------------

C CALCULATE MEANS OF FEATURE VECTORS 0f 2 BY 2 SUB IMAGE
C STCRE IN NOFC AND HALF NOFD 128 BY 128 SUBIMAGES
C IN NOFC: FIRST HALF is R MEANS, SECOND HALF IS G MEANS
C IN XOFD: FIRST HALF IS B MEANS, SECOND HALF IS TRACES

CALL DISPER
C ----- -------- ---------- ----

C FIND MAX p MN OF TRACE MATRIX
CALL RAXMIN(DNAXeDMIN)

C - ---------- --------------------

C M4ERGING SECTION
NSTEP=IOP(4)
STEP= DMAX-DMIN)/FLOAT(NSTEP)
WRITEC7,1522 )DNAXDMIN, STEP
WRITEC NOFFj,1522)DMAXDMINSTEP

**i*.~-.- . '7 * .~*
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1522 FORMATV DNAX=,pE20e8,o DMIN=*sE20*8po STEP=0#E20.8)
IPREV=O

C ITERATIONS TO FIND MAXIMUM NO. OF CLUSTERS
DO 300 I1,NSTEP
1 = I
WRITE( NOFF, 1515)IM
CALL MERGE(IMvSTEPDMIwNCLSR)

C ACCEPTED NO* OF CLUSTERS: 7 OR LESS
IF (IPR9V.LE.7.ANDeIPREV.GCT.1) GOTO 333
IPREV=NCLSR

C SAVE CURRENT NUMBER OF CLUSTERS AND KERNEL VECTORS
DO 200 J1.IPREV
PRENO(J)=CNI(J)
PREVCJ#1)=CKVCJ,1)
PREVCJ#2)-CKV(Jf2)
PREV(JP3)=CKV(Jo3)

200 CONTINUE
300 CONTINUE
333 N1=111-l

WR ITEC NOFF,1520 )NI, IPREV
DO 350 J1,PIPREV
CNC(J)=PRENOCJ)
CKV(Jol1)=PREV(J.1)
CK(Jo2 )=PREV(Jj,2)
CKV(Jo,3 )=PREV(J,3)

350 CONTINUE
WR ITEC NOFFS1561)

1561 FORMATCo MERGE ENDED WITH MIX1IMUM NO. CLUSTERSO)
WRITE( NOFFr 1562)C(CKV(lL)*Lzl1,3)oN1l, I PRE V)

1562 FORNAT(o BEFORE SORTING'/
I KERNEL CANDIDATE VECTORS*/
2 30C(5Xo3E20.8)/))

C SORT THE CANDIDATE VECTORS
NC=IPREV

C - -- e e e e-------- ------------------------

C SORT THE CANDIDATE KERNEL VECTORS
CALL SORT(NC)
WR ITE(NOFF,1563 )((CKV(NL),L=1.,3),u=1,wNC)

1563 FORMAT(o SORTED KERNEL CANDIDATE VECTORSO/
I 30((5X.,3E20.8)/))
IF (NC.GT*7) NC=?

C FOR THlE PURPOSE Of' AED-512 PSEUDO COLOR DISPLAY
WRITEC 10FF, 1511)NC

*C IF CIOP(5).EQ.1) SKIP THE K-MEAN ITERATIONS
C DIRECTLY USE MERGING RESULT CADIDATE KERNEL VECTORS
C TO CLASSIFY THE IMAGE

* HRITE(7,1568)IOP(5)
1568 FORMAT( IOPC5)=,15S)

IF (IOP(5)-NE.1) COTO 700
WR ITEC7#1570)

1570 FORMAT( SKIP K-MEAN ITERATIONO)
DO 650 N21#NC
DO 640 L1,r3
FKV(N#,L)ZCKVCNL)

640 CONTINUE
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650 CONTINUE
GOTO 800

700 CONTINUE
WR ITE(7,1580)

1580 FORMAT( CALLING KERVEC: K-MEAN ITERATIONO)
C -- - - - - - - -- - - -- - - -- - - -- - - -- - - -

C ITERATIONS TO FIND MORE ACCURATE KERNEL VECTORS
C CALLED FINAL KERNEL VECTORS

CALL KERYEC(NC*KKDD)
bRITE(NOFF,1500)KKDD

1500 FORMAT(lXo'CLUSTERING REPEATSo1lX,13wIX•TIMES/I1X
1"THE FINAL 6ITHIN-CLASS DISTANCE ISflOE20.8/)

* 800 CONTIlUE
C ---- - - - eeeeeeeeeeeeeeeeeeeeeeeee-- ---- ---

C CLASSIFICATION SECTION
C OUIPUTS: NOFC, COLOR DISPLAY RESULT
C NOFD, BLACK/WHITE DISPLAY RESULT

CALL CLASS(NC)
WRITE(NOFF,,1523)

1523 FORMAT(IOX,-Ill COMPLETE EXECUTION OF PROGRAM SPACLR I11-)
CALL EXIT
END

C
C
C--------- .. SUBPROGRAMS-----------------
C
C ----- - ---- eeeeeeeeeeeeeeeeeeeee
C SUBROUTINE TO CALCULATE TRACE MATRICES OF FEATURE MATRICES
C STORED IN VOFD

SUBROUTINE DISPER
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,NOFCNOFDNOFF
COMMON /BLOCKI/NOLNOPNOL2,NOP2,NOLHNOPH
COMMON /BLOCK3/IR(256), IG(256) 18(256)gRGB(256o3)
COMMON IBLOCK4/RGBK(2,128,3),TRACE(128)
COMMON /BLOCK6/R(256,2),G(256,2)oB(256, 2)
REWIND NOFI
REWIND NOF2
REWIND NOF3
REWIND NOFC
REWIND NOFD

C PROCESS THROUGH ROWS OF DATA MATRIX
DO 100 I=INOLH
12=I+I-1

INDY1=I2
INDX2=12
INDX3=I2
DO 40 JJ=lo2

C READ 2 LINES OF EACH FILE
READ(NOFI"INDX1 )(IR(X)•K=ljNOP)
DO 10 J=IPNOP

10 R(J*JJ)=FLOAT(IR(J))
READ(NOF2 INDX2)(IG(K)oK=I MOP)
DO 20 J=IpNOP

20 G(J,JJ)=FLOAT(IG(J))
READ(NOF3°INDX3)(IB(K),K=,NOP)
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DO 30 J=lNOP
30 B(J,.JJ)ZFLOAT(IB(J))
40 CONTINUE
C CALCYVILATION THROUGH EACH SUB INAGE

DO 80 K1.#NOPH
K1=K+K-1
K2=Kl.1
51=0.
S20.o
S3=0.

4 DO 62 H4=K1.K2
DO 60 L1,p2
S1=S1.R(MoL)
S2=S2.G(ML)
S3=S3+B (ML)

60 CONTINUE
62 CONTINUE

RGaM(2pKol )=Sl*0.25
RGBM(2.pK,2)=S2*0.25
RGBN(2,K,3)=S3*0.25
51=0.
S2=0.
S3=0.
DO 72 M=K1,K2
DO 70 L=1#2
Sl=Sl. CR(M.L )-RGBK(2oK,1) )**2
S 2=S 2 ( G( M..L ) -R GBN( 2,K, 2) )**2
S3=S3.( BCM,L)-RGBM(2oK,3))**2

70 CONTINUE
72 CONTINUE

TRACE(K)=(S1,S2+S3)*0. 25
80 CONTINUE

INDXCIl
IF CIOP(1).EQ.1) WRITE(6,1001)(RGBNC2.rK,1),K=l,32)
NRITE(NOFCOINDXC)(RGBH(2,K,1),K1l,NOPH)
INDXC=14NDLH
IF (IOPCI),.EQ.1) WRITE(6,1002)(RGBN4(2,IC,2),.K=l,32)
WRITE( IOF C"IND X0)CRG BN(2,KG 2),K1, NOPH)
INDXD:I
IF (IOP(I).EQ.1) WRITE(6,1003)(RGBM4(2,Kp3),.K=1,32)
kWRITE( NOFDOINDXD)(RGBM(2,K,3),fK=1.,NOPH)
INI2XD=14NOLH
IF CIOP(1).EQ.l) WRITE(6,1004)(TRACE(K)vK~lv32)
bRITEC NOFDOINDXD) (TRACE(K)#,K1,MODPH)

100 CONTINUE
1001 FORMATV RN',32F4.0)
1002 FORNATV GMr32F4.O)
1003 FORMAT( BM,132F4.0)
1004 FORMATC( TR'P,32F4.0)

RLPTURN
END

C----------------o ------------------------

C READ TRACE M4ATRIX TO FIND MAX *KIN
C

SUBROUTINE MAXNIN(DMAXoD41N)
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K COMMON /BLOCKO/IOP(10),NOFl,10F2,NOF3,NOFCNOFDEOFF
COMMON /BLOCKl/NOLNOPNOL2,NOP2,NOLHNOPH
COMMON /BLOCK4IRGBM4(2,128.3),TRACE(128)
REMIND NOFD
INDXD=14IJOLH

*REID(NOFD"INDXD)(TRACE(K)#,K=1,NOPH)
DMAX=TRACE(1)
DMIN=TRACE(l)
DO 10 J=2fNOPH
IF (TRACE(J).LT.DMIN) DMIN=TRACE(J)
IF (TRACE(J).GT.DMAX) DHAX=TRACE(J)

10 CONTINUE
* DO 100 1=2,NOLH

INDXD=I+XOLH
READ(NOFDOINDXD )(TRACE(K),K=1,NOPH)
DO 30 J=lNOPH
IF (TRACE(J).LT.DMIN) DMIN=TRACE(J)
IF (TRACE(J).GT.DMAX) DMAX=TRACE(J)

30 CONTINUE
100 CONTINUE

WR ITE(7,1001)DMAXjDMIN
1001 FORMAT(/ DMAX=,F12.4,' DMIN=',Fl2.4)

RETURN
END

C
C-- - - - - - - - - - - - - - - - - - - - - -
C MERGE AND DECIDE KERNEL CANDIDATE VECTORS
C

SUBROUTINE MERGE(IMRGEDSTEPoDMINLLBS)
REAL FIRST(60)
COMMON /BLOCKO/IOP(10),NOF1,NOF2,NOF3,NOFCNOFDNOFF
COMMON /BLOCK1/NOLNOPNOL2,NOP2,NOLHNOPH
COMMON /BLOCK2/CKV(60,3),CNO(60)oFKV(30,3),FNO(30)
COMMON /BLOCK4/RGBN(2,128,3),TRACE(128)
COMMON IBLOCKS/LABEL(2,1l28),ICOLOR(256),IBW(256)

1502 FORMAT(30C/v CNO(N):OrF12.1))
1503 FORMAT( *FMIN, DNRGE:or2E20*8)
1504 FORMAT(P LMRGE:Ov15)
1505 FORMAT( FIRST SUBIMAGE: )
1506 FORMAT(o JOIN CLUSTER NL:o)
1507 FORMAT(o NEW CLUSTER:O)
1508 FORMATVe LLBS.GE.600)- IMSQAEj3r
1532 FORMAT( 15X, wTHETA ,7X, SGASUR,
MERGING-DISTANCE: e,

1 3E20.8)
1533 FORMATCo KLLBSTRACE(K),THETADNRGE:1/215,r3E20.8)

REWIND NOFC
REWIND NOFD

C FOR EACH ITERATIOR: ZERO OUT THE VARIABLES
DO 20 J4lp60
CNO(J)zO.
DO 10 L=1,3
CKV(J L )=Q.

10 CONTINUE
20 CONTINUE
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LLBS=O
C DMIN: SIGMA-SQUARE
C THETA: SOME THETA
C DNRGE: MIERGING DISTANCE

THETA=DMIN.DSTEP*FLOAT( ItRGE)
DMRGE=SQRT(4./3.(TETA-'41N))
URITE( NOFF,1532)THETADMINDMRGE
WRITE(7rl504)INRGE

C GO THROUGH SUBIHAGES AND LABEL THEN WITH CLUSTERS
DO 300 J=1,NOLH
IF (J.GT.1) GOTO 35

C J=1 : CASE OF FIRST LINE OF SUBII4AGES
* DO 30 K=1,NOPH

LABEL( 2,K)0O
DO 30 L=1#3

30 RGi3M(1,KpL)=0.
GOTO 45

35 CONTINUE
C GET PREVIOUS LINE OF SUBIM4AGES IN RGBM ARRAY

D)0 40 K=1,NOPH
* DO 40 L=1,3

40 RGBM(1.,KL)=RGBM(2,KL)
45 CONdTINUE

INCXC:J
READ (N OFC INDXC ) (RGBM(2.A,1) oK=1,NOP H)
INDXC=JINOLH
READ(NOFCOINDXC)(RGB1(2,K,2 ),K=lNOPH)
INDXD=J
READ(NOFD"INDXD )(RGBN(2,K,3),K1,pNOPH)

C INTIAL LABEL FOR EACH SOBIMAGE
DO 50 K=1,NOPH
LABEL(lpK)=LAREL(2rK)
LABEL( 2,K)=0

50 CONTINUE
INDXD=J+MDLH
READ(NOFDvINDXD)(TRACE(K),K=INOPH)

C GO THROUGH IMAGES ONE BY ONE
DO 201 K=10NOPH
IF (IIP(1).EQ.9) IWRITE(7,533)KLLBSTRACE(K),THETADMRGE
IF (LLBS.GE.60) WRITE(7,1508)
IF (LLBS.GE.60) GOTO 900

C CHECK IF THE TRACE OF CURRENT SUBIMAGE > THETA
IF (TRACE(K).GT.THETA) GOTO 200

C SKIP
IF (J.GT.1) GOTO 52

C J=1: FIRST LINE OF SUBIMAGES
C THE FIRST LINE SECTION: CONSIDERING THE NEIGHBOR

N41=2
142=2
91=K-1
1(2=K1
GOTO 54

52 CONTINUE
C NOT THE FIRST LINE; SO PREVIOUS LINE EXISTS

541:1
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M 2=2
Ki =K
K(2 =K

54 CONTINUE
C CHECK IF FIRST SUBIMAGE OR NOT

IF (LLBS*EQ.C) GOTO 90
IF (LABELCM1,Kl).EQ.0) GOTO 55
POTENTIAL NEIGHBOR NOT LABELLED, DIRECTLY CHECK CLUSTERS
L ABEL(M1,K) NEIGHB3OR HAS BEEN LABELLED

C* AND SPATIAL CLUSTERING SHOULD BE APPLIED
DIFF=0.
Do 62 L-1,3

62 DIFF=DIFF,(RGBM(I41,K1,L)-RGB.M(M2,K2,L))**2
[IFFSQRT(DIFF)
IF (DIFF.GT.DMRGE) GOTO 55

C WITHIN MERGING DISTANCE ?
LABEL(M2j-K2)=LABEL(MlK1)
NL=LABEL(H1,KI)
L ABEL ( M2,K2 )=NL
CNO(NL)=CNO(NL).
DO 64 L=1,3

64 CKV(NLoL)=(CKV(NLfL)*(CNO(NL)-1.),RGBM(M2vK2oL))/CNO(NL)
GOTO 200

55 CONTINUE
DO 58 N=1,LLS
OIFF=0.
DO 56 L=1,3
DIFF=O IFF4(CKV(NL )-RGBMA(2,K2,L))**2

56 CONTINUE
FIRST(N )=SQRT(DIFF)

58 CONdTINUE
CALL DISMIN(FIRSTFMIN,.NLLLBS)
IF (FMIN.CT.DMRGE) GOTO 90
IF (IEP(l).EQ.9) WRITE (7,1503 )Fl4INDMRGE

C LABEL CURRENT SUBIMAGE WITH CLOSEST CENTER
LABEL(MN2,1(K2 )NL

C UPEATE NO. OF SUB1INAGES OF CURRENT CLUSTER
CNO(Nia )=CNO(NL )i1.

C UPDATE MEAN VECTOR OF THIS CLUSTER
0O 60 L=113
CKV(NL,L)=(CKV(NLL)*(CNO(NL)-1. )+RGBM(2,K2,L))/CNO(NL)

60 CONTINIUE
IF (IDP(1).EQ.9) WRITE(7,1l506)
GOTO 200

C NEW CLUSTER SECTION
90 CONTINUE

LLbS=LLBS+l
C UPDATE OF SUBINAGES OF THIS CLUSTER

CNO(LLBS)=CNO(LLBS )+.
C UPLATE NEW CLUSTER VECTOR

DO 92 1=1,.3
92 CKV(LLBSrL)=RGBM(M2oKL)
200 CONTINUE
201 CONTINUE
250 CONTINUE
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C CHECK CURRENT LINEOS LABELS
IF (IOP(3).EQ.1) WRITE(7,1545)(LABEL(2,K),K=l,32)

300 CONTINUE
900 CONTINUE

IF (IOP(1)oEQ.9) WRITE(7o1502)(CNO(N),N=lLLBS)
IF (IOP(1).EQ.9) WRITE(7o1501)IMRGELLBS
WRITE( NOFF1501 )IMRGE, LLBS

1545 FORMAT( LABELo3212)
1501 FORMAT(/ MERGE ITERATION:0,15," END WITH LLBS: 0#i5/)

RETURN
END

* - C
C
C SORTIVG THE KERNEL VECTORS
C

SUBROUTINE SORT(NCLRS)
REAL TEMP(3)
COMMON /BLOCKO/IOP(lO)oNOFIoN0F2oNOF3,NOFCNOFDNOFF
COMMON /BLOCK2/CKV( 60,3),CNO(60)oFKV(30,3),FNO(30)
DO 30 1=2,NCLRS
12=NCLRS+I-I
DO 20 J=l,12
IF (CKV(J+ll).GE.CKV(J,1)) GOTO 20
DO 10 L=1,3
TEMP(L)=CKV(Jl, L)
CKV(J+1,L)=CKV(JL)
CKV(JL )=TEMP(L)

10 CONTINUE
20 CONTINUE
30 CONTINUE

iR ITE( NOFF,1533)
1533 FORMAT(1 ° SORTING CANDIDATE KERNEL VECTORS/)

RETURN
END

C
C
C TO FIND FINAL KERNEL VECTORS
C LIMIT TO 10 ITERATIONS
C

SUBROUTINE KERVEC(NCKKDIS)
C DIST ARRAY STORES THE TOTAL DISTANCES OF ITERATIONS
C C ARRAY STORES NUMBER OF PIXELS FOR EACH CLUSTER
C D ARRAY STORES TEMPORARY DISTANCES TO CLUSTER CENTERS
C FOR CURRENT PIXEL BEING PROCESSED

REAL DIST(10)oFIRST(60)
COMMON /BLOCKO/IOP(10),NOFXNOF2oNOF3,NOFCNOFDNOFF
COMMON /BLOCK1/NOLNOPoOL2rNOP2,NOLHNOPH
COMMON /BLOCK2/CKV(60,3),CNO(60),FKV(30O3),FNO(30)
COMMON IBLOCK3/IR(256),1G(256),IB(256)oRGB(256o3)
COMMON /BLOCK5/LABEL(2,128),ICOLOR(256),IBW(256)

1020 FORMAT(o IN KERVECo KK:'oI5)
C FINAL KERNELVECTORS SAVED IN FKV ARRAY
C FNO STORE NO. OF PIXELS IN EACH CLUSTER
C K-MEANS ALGORITHM
C 10-JUN-82 CORRECT IMPLEMENTATION



APPENDIX SPACLR.FOR

C REFERENCE: TOU AND GONZALEZ," PATTERN RECOGNITION
C PRINCIPLES", PP.94-97

DO 12 N=1,NC
FNO(N)=CNO(N)
CNO(N)'Oo
DO 10 L=l3
FKV(NL )=CKV(N•L)
CKV(N,L)=O.

10 CONTINUE
12 CONTINUE

" C NO. OF ITERATIONS LIMIT TO 10
DO 500 KK=I,10
WRITE(7, 1020)KK
bR ITE( NOFF, 1020 )KK
DO 15 N=,NC

15 FNO(N)=O.
REMIND NOFI
REWIND NOF2
REWIND NOF3
REWIND NOFD

C FOR EACH ITERATION:
C REWIND THE FEATURES FILES: R , G B COMPONENTS
C REWIND THE TEMPORARY CLASSIFIED RESULT FILE, NOFD
C CLASSIFYING STANDARDS IN FKV ARRAY
C AT THE SAME TIME, COLLECTING THE NEN CENTERS IN CKV ARRAY
C I.E., UPDATING THE KERNEL VECTORS BY CURRENT CLUSTERING
C ICOLOR ARRAY STORES CLASSIFIED RESULT OF CURRENT LINE

DO 200 I=1,NOL
INDX1=1
READ(NOF1"INDXl )(IR(K),PK=, NOP)
INDX2=I
READ(NOF2"INDX2 )(IG(K),K=leNOP)
INDX3=I
READ(NOF3w1NDX3 )(IB(K)oK=lNOP)
DO 20 J=INOP
RGB(J I )=FLOAT(IR(J))
RGB(J,2 )=FLOAT( IG(J))
RGB(J,3 )=FLOAT(IB(J))

20 CONTINUE
C GO THROUGH PIXELS TO LABEL THEM WITH CLUSTERS

DO 100 J=1,NOP
DO 40 N=lNC
SUM=O.
DO 30 L=1,3

30 SUM=SUM.(RGB(JL)-FKV(NL))**2
40 FIRST(N)=SQRT(SUM)

CALL DISMIN(FIRSTpFMINONNNC)
ICOLOR (J)=NN
CNO(NN)=CNO(NN)+I°

C CURRENT PIXEL WAS FOUND CLOSER TO NN-TH CLUSTER
C THE FEATURES SHOULD BE INCLUDED TO UPDATE THE NN-TH
C KERNEL VECTOR

DO 70 L=1.3
70 CKV(NNsL)=(CKV(NN,L)*(CNO(NN)-1.)+RGB(JL))/CNO(NN)
100 CONTINUE
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INDXDIl
IF (IOP(2).EQ.1) WRITE(7.1l505)(ICOLORCK),K=1,64)
WR ITE(UOF D IMDXD) C COLO R(K) pK=lp MOP)

200 CONTINUE
C CURRENT IN CKV) STORE IN FKV TO BE USED TO CLASSIFY
C IN ROUTINE DISTAN# AND WILL GIVE TOTAL DISTANCE

DO 260 N1,FNC
FNO(N)=CNO(U)

£ DO 250 L=1#3
FK UCN,L )CKV(NL)
CKV(NL)0O.

250 CONTINUE
260 CONTINUE

WRILTE( NOFF,1503 )(CFKV(NL),L=l,3),N1,NC)
1503 FORMATC/IOXo'CHECK FKV: o/

130((5X#3E20.8)1))
WRITE( NOFF,1506)(FNO(N),N4, NC)

1506 FORMAT(w OF PIXELS IN EACH CLUSTER:v/
1 30(/F12*1))

C
CALL DISTAN(NCDIS)

C
DIST(KK)=D15
bRITE(7o1504)DIST(KK)oK(
WRITE(NOFFo1504)DIST(KK )fKK

1504 FORMAT(P IN KERVEC: DIST(KK)=',E20.Bj, KK=,.12/)
IF(KK.EQ.1)GO TO 500
RATIO-( DIST(KK)-DIST(KK-1 ))IDIST(KK-1)
WRITEC tOFF,1005)RATIO
IF(ABS(RATIO).LT.0.001) GOTO 900

500 CONTINUE
900 CONTINUE
1005 FORMATC RATIO IN KERVEC:*,E20.8)
1505 FORMATCo COLOR:006411)

RETURN
END

C --------------------- m---------------------

C
C USE CURRENT KERNEL VECTORS TO CALCULATE THE TOTAL
C DISTANCE OF THE IMAGE
C NC: NUMBER OF CLUSTERS
C DISTOT: ( RESULT ) TOTAL DISTANCE
C

SUBROUTINE DISTAN(NCDISTOT)
COMMON IBLOCKOIIOP(10),NOF1,NOF2N073NOFCNOFDNOFF
COMMON IBLOCK 1/NOLP, PNOL2, NOP2,NOLB, MOPHi
COMMON IBLOCK2ICKV(60,3),CNO(60),FKV(30,3),FrNO(30)
COMMON IBLOCK3/IR(256),IG(256),1B(256),RGBC256,3)
COMMON IBLOCK5ILABEL(2.128),1C0L0RC256).IBW(256)
DISTGT=O.
REWIND NOF1
REWIND NFf02
REWIND NOF3
REWIND NOFD
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00 200 I=1,NDL
INDXDIz
READ(NOFD'INDXD)(ICOLOR(K ).K=lNOP)

READ(NOF1*INDX1 )(IR(K),K1l,NOP)
INDX2I1
READ(NOF2'INDX2 )(IG(K)#K=1gNOP)
INDX3I1
READ(NOF3"INDX3 )(ID(K),K=1,NOP)

C STORE FEATURE VECTOR IN WORKING VARIABLE X
DO 10 K=10NOP
RG8(K,1l)=FLOAT(IR(K))
RGB(K#2 )=FLOAT(IG (K))
RGB(K,3 )=FLOAT(IBCK))

10 CONTINUE
DO 100 J=1,.NOP
NCLSR=ICOLOR (3)
SUH~O.
DO 30 L1,l3
SUN=SUM4+(RGB(JL)-FKV(NCLSRL ))**2

30 CONTINUE
DI STOT =01STOT.SQRT (SUM)

100 CONTINUE
200 CONTINUE

WR ITEC NOFFI501)DISTOT
1501 FORMAT(W IN DISTAl: DISTOT = ,E20.81b

RETURN
END

Ceeeeeeeeeeee----- ---------------------

C
C
C USE THE FINAL KERNEL VECTORS TO CLASSIFY THE IMAGE
C INTO CLUSTERS ( SUBREGIONS)

SUBROUTINE CLASS(NC)
REAL FIRST(60)
COMMON /BLOCKO/I IP(10),NOF1,UOF2,NOFP3,IOFC,.NOFDNOFF
COMMON /BLOCK1/NOLNOP,10L2,N0P2,NOLHNOPH
COMMON /BLOCK2/CKVC6O,3).CNO(60)oFKV(30.3),FNO(30)
COMMON /BLOCK3/IR(256),IG(256),IB(256),RGB(256,3)
COMMON /BLOCKS/LABEL(2,128), ICOLOR(256).lUW(256)
WRITE(NOFF01505)

1505 FORMATCI IN CLASS:O/)
WRITEC7,1501)((FKV(N.L)#,L=1,3),N=1,NC)
WiRITEC NOFF,1501 )((FKV(NL),LSI,3),N=lNC)

1501 FORMAT(1OX., FINAL KERNEL VECTERS :*/(30(5Xp3E20.8/)))
1509 FORMATC1I,6411)
C USE FINAL KERNAL VECTORS TO CLASSIFY THE PICTURE
C NOFC: INTEGER OUTPUT) NOWD: REAL OUTPUT

REWIND NOF1
REWIND NOF2
REWIND N073
REWIND NOFC
REWIND NOFD

C RANGE OF FINAL RESULT 0..180
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FACT=180,/FLOAT (NC)
DO 200 I=lNOL
INDX1I
INDX2=I
INDX3=1
READ(NOF1°INDX1)(IR(K), K=l, NOP)
READ(NOF2 "INDX2 )(IG(K) ,K=l.N OP)
READ(NOF3"INDX3 )(IB(K),K=INOP)
DO 10 J=lrNOP
RGB(J, 1 )=FLOAT( IR(J))
RGB (J 2 )=FLOAT( IG(J ))
RGB(J 3 )=FLOAT( IB (J))

10 CONTINUE
DO 100 J=10NOP
DO 40 N=1,NC
SUM=O.
DO 30 L:I,3
SUN=SUM.( RGB(JoL)-FKV(NPL))**2

30 COKTINUE
FIRST( N)= SQRT(SUM)

40 CONTINUE
C DISTANCES TO FINAL KERNEL VECTOS OF NC CLUSTERS
C FROM CURRENT PIXEL ARE STORED IN DIS ARRAY,
C CALLING SUBROUTINE DISMIN TO FIND TO WHICH CLUSTER
C THE CURRENT PIXEL IS CLOSER ( MINIMUM DISTANCE ).
C THE RESULT IS KMIN-TH CLUSTER

CALL OISMIN(FIRSTSMINNMINNC)
C BLACK AND WHITE DISPLAY PURPOSE: NEEDS TO MULTIPLY A FACTOR
C TO BE IN REASONABLE CRAY LEVEL RANGE

IBW(J) =INT(FLOAT(NMIN)*FACT)
C COLOR DISPLAY PURPOSE: AN INTEGER IN RANGE 1 TO 7

ICOLOR(J)=NMIN
100 CONTINUE

INDXD=I
bR ITE( NOFD"INDXD)( IBW(K),K=I, MOP)
INDXC=I
WRITE( NFC"INDXC)(ICOLOR(K),K=lNOP)
IF (I.LE.64) WRITE(7,1509)(ICOLOR(K),K=I,64)
IF CI.LE.64) NRITE(NOFF,1509)(ICOLOR(K)K=l64)

200 CONTINUE
RETURN
END

C
C------------ -- - --------------- - n ---

:" C

SUBROUTINE DISNIN(DARRYDATMINNOMINNCLSTR)
C PASS DARRY ARRAY WITH NCLSTR ELEMENTS MEANINGFUL
C SEARCH FOR THE MINIMUM ELEMENTo NOblIN-TH ELEMENT,
C WITH VALUE DATMIN) PASS BACK DATMIN AND NOMIN BACK
C CALLING ROUTINE

REAL DARRY(60)
DATNIN:DARRY(1)
NONIN=I

C ASSUME THE FIRST ELEMENT IS THE MINIMUM
C THEN GO THROUGH THE REST OF THE ARRAY TO FIND ANY SMALLER

['4 °', ," " " , . * ' ' "* "a -" ' ... "*" ... .""' * . . . . . .
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IF (NCLST.EQ.1) GOTO 900
DO 100 I=2sNCLSTR

* IF CDARRY(I)oGE.DATMIN) GOTO 100
DATNIN=DARRY(I)
MOHIN=1

100 CONTINUE
900 CONTINUE

RETURN
END


